ABSTRACT: In the California Current ecosystem, krill availability is a well-known influence on the demography of commercially and ecologically valuable fish, seabirds, and marine mammals. Modeling factors that enhance or inhibit krill aggregations, or 'hotspots', will benefit management of marine predators of conservation concern and contribute to ecosystem approaches to fisheries. Here, we link an oceanographic model (ROMS) and an individual-based model (IBM) parameterized for the krill species Euphausia pacifica to test the hypothesis that occurrences of krill hotspots are disassociated from centers of upwelling along the central-northern California coast due to strong advective currents that transport zooplankton away from the productive continental shelf environment. We compare the distribution of modeled to observed hotspots derived from hydroacoustic surveys from 2000 to 2008. Both acoustic data and modeled hotspots show the greater Gulf of the Farallones and Monterey Canyon as areas of persistent krill hotspots. In this large retention zone, we found no clear relationships between krill hotspots and proxies of upwelling. In contrast, modeled hotspots were associated with reduced upwelling (warmer sea surface temperature [SST] and lower alongshore currents) to the north of Pt. Reyes, and with enhanced upwelling (cooler SST and greater alongshore currents) south of Pt. Sur. Our model highlights the role spatial variability of physical forcing plays in determining the likelihood of krill hotspots forming in particular regions. Notably, our model reproduced the spatial organization of krill hotspots using only simple oceanographic forcing mechanisms and diurnal vertical migration behavior.
INTRODUCTION
Ecosystem modeling has become a standard tool in modern approaches to marine science, conservation, and management (Cury et al. 2008 , Smith et al. 2011 . In particular, the ecosystem approach to fisheries management as well as marine spatial planning requires accurate models which can be used to predict population processes, distributions, and ecological interactions in time and space (Link 2010) . Ecological interactions include predator−prey relationships, which have been identified as important determinants of population and food web dynamics (Hunsicker et al. 2011) . Recent research has focused on spatial ecology of food web dynamics, including the concept of spatial hotspots of trophic interactions where predator and prey interactions are concentrated , Hazen et al. 2013 . To date, however, most studies of hotspots have been descriptive and empirical, focusing on locations of elevated predator abundance relative to physical conditions (e.g. Polovina et al. 2006 on loggerhead turtles, Yen et al. 2006 on seabirds), or less often, on the physics that may facilitate the distribution of predator−prey hotspots (Gende & Sigler 2006 , Santora et al. 2011a ). To our knowledge, no study has attempted to model prey hotspots in time and space.
The term 'hotspot' is often used to describe either locations of high biodiversity of species (Myers et al. 2000) or locations of higher local abundance of important species in the ecosystem (Dower & Brodeur 2004 . These locations can range in spatial scale from 1 to 1000s of km. We use the term 'hotspot' to describe locations of prey aggregation in the coastal ocean, which can maximize the transfer of energy to higher trophic levels . We focus on aggregations on the mesoscale (10 to 100s of km) and on physical factors such as coastline/bathymetry (Nur et al. 2011 , Wingfield et al. 2011 or wind-driven upwelling structure (Croll et al. 2005 , Atwood et al. 2010 ) that may drive the spatial structure of these hotspots.
Prey hotspots in pelagic systems consist of species that constitute the forage nekton community (typically forage fishes, squids, and mesozooplankton). Euphausiid crustaceans ('krill') are key components of this community in many marine ecosystems, including the California Current (Field et al. 2006) . While krill are abundant, they occur in distinct patches or hotspots of aggregation, and the distribution and spatial organization of krill prey patches is critically important to trophic inter actions (BenoitBird et al. 2013) . Krill are fed upon directly or indirectly by a diverse assemblage of meso-and top predators in the California Current, including seabirds (Ainley et al. 1996 , marine mammals (Fiedler et al. 1998) , and large predatory fishes (Reilly et al. 1992 , Tanasichuk 1999 , Lindley et al. 2009 ). For this reason, krill may be considered 'foundational species' (Dayton 1972) in epipelagic food webs.
Here, as an initial step towards understanding the mechanisms supporting krill hotspot dynamics in the California Current System (CCS) upwelling environment, we tested the hypothesis that the spatial distribution of krill hotspots is disassociated from centers of upwelling. Upwelling in the California Current is episodic in nature and the interplay between winddriven upwelling events (importing nutrients to surface waters) and relaxation events with little wind (and therefore little associated advection of plankton to offshore waters) determines the productivity over the shelf region. This interplay is described by the 'optimal environmental window' hypothesis (Cury & Roy 1989) , which predicts lower productivity under weak or intense upwelling and greatest productivity under moderate upwelling conditions. The negative impacts of intense advection have been modeled (Bots ford et al. 2003 , Dorman et al. 2011 ) and ob served for krill (Santora et al. 2011a) in the California Current. To test this hypothesis we modeled krill hotspots over 9 yr, 2000 to 2008, using an oceanographic model coupled with an individual-based model (IBM; Dorman et al. 2011 ) designed for the dominant species in this ecosystem, Euphausia pacifica (Brinton & Townsend 2003) . Initially, to verify model output on hotspots, we compared the distribution of modeled and observed krill aggregations. Subsequently, we investigated if proxies of up welling (sea surface temperature [SST] and currents) in the model were positively or negatively associated with krill hotspots in different regions of our study area. This study is important as it represents a critical step towards understanding the distribution and dynamics of prey patches on synoptic time scales, the scale of dynamics that drive the foraging success and demographic responses of predators to variation in food resources.
MATERIALS AND METHODS

Regional Ocean Modeling System
The individual-based particle tracking model utilized ocean conditions from the Regional Ocean Modeling System (ROMS), a model commonly used to simulate the CCS (Powell et al. 2006 , Di Lorenzo et al. 2008 , Moore et al. 2011 . ROMS was forced using a bulk-fluxes approximation (Fairall et al. 1996) with data from the National Centers for Environmental Prediction (NCEP) North American Regional Reanalysis (NARR) dataset (approximately 30 km resolution). Boundary and initial conditions were taken from the Simple Ocean Data Assimilation (SODA) model (Carton & Giese 2008) downloaded from the Asia-Pacific Data-Research Center (http://apdrc. soest. hawaii.edu). The modeled domain ranged from Newport, Oregon to Pt. Conception, California, and up to 1000 km offshore (Fig. 1) . Model grid resolution was approximately 6 km in the alongshore and 3 km in the cross-shore direction. Average model output was saved daily.
Temperature in the coastal ocean simulated by ROMS correlated well with observed data collected at 8 buoys (National Data Buoy Center data), with correlation coefficients ranging from 0.6 to 0.7 (p < 0.001 at all stations; Fig. 2 ). Coastal currents also significantly correlated (r = 0.6 to 0.7 inshore; r = 0.3 to 0.5 offshore; p < 0.001 at all locations) with CODAR data collected by the Bodega Ocean Observing Network (Fig. 2) .
Individual-based model
The IBM utilized was originally developed by Batchelder & Miller (1989) and has been previously used to model Euphausia pacifica population biology in the California Current (Dorman et al. 2011) . Particle movements are implemented by interpolating currents spatially (from model grid points) and temporally (from saved ROMS model output) to the particle location, then integrated using a Runge-Kutta 4th-order advection scheme to update particle location. Vertical diffusivity is incorporated into vertical displacement though a diffusive random walk (Visser 1997) to avoid the accumulation of individuals in regions of low vertical diffusivity. Horizontal diffusivity is not implemented in particle tracking, as its im pact on horizontal position is very small compared to horizontal current velocities. Diurnal vertical migration (DVM) is implemented using the methodology of Batchelder et al. (2002) , with a maximum swimming speed of approximately 0.1 m s −1 (Torres & Childress 1983) . In order to assess the physical impact of upwelling on hotspot formation, no biological parameterization (growth, life-stage development, reproduction, mortality) was implemented in this study.
We modeled the spring and summer of the years 2000 to 2008 using an ensemble approach where the upper limit of DVM was set at 5, 20, and 40 m (1 depth for each ensemble). Spring runs were designed to lead up to the time of our acoustic observations to look at hotspot formation, and summer runs were designed to see if modeled hotspots persisted beyond our acoustic observations. Variation in the DVM upper limit was utilized to examine the impact of vertical positioning on hotspot formation and cross-shelf location. The upper limit of DVM is highly variable in nature, resulting in a more diffuse population in the upper part of the water column, but prescribing set depths simplifies the interpretation of the data. A total of 54 realizations of the IBM were computed for this study. All model runs started with identical initial conditions and ran for 90 d from the starting date. The 'spring' runs (n = 27, 3 ensembles) began on February 15 of the years 2000 to 2008, and 'summer' runs (n = 27, 3 ensembles) used May 15 as the starting date. The model data are at a higher resolution, both temporally and spatially (90 continuous days over the entire domain), than the data collected via hydroacoustics. To determine if such dense model data had an impact on our results, analyses using all the data were compared to randomly subsampled model data. No significant differences were detected in the results, except for the influence of initial conditions. For that reason, model days 1 to 30 are not used in the analyses.
Hydroacoustic data
Estimates of krill hotspot distribution were made based on hydroacoustic surveys conducted in May and June each year by the NOAA-National Marine Fisheries Service over the coastal ocean of the centralnorthern California shelf (Sakuma et al. 2006; Fig. 3a) . The focus of our analysis was on the survey effort from 2000 to 2008 (except 2007, when no acoustic data were available), and data collected between Pt. Sur (36.6° N, 121.9° W) and Pt. Arena (39.0° N, 123.7° W). Ships used in this study (usually the RV 'David Starr Jordon') were equipped with echo sounders, which ran continuously throughout the survey period (multifrequency SIMRAD EK500 or EK60) and were used to estimate the volume of micronekton in the water column. Krill was distinguished from other backscattering signals using a 3-frequency ΔS v method (Hewitt & Demer 2000 , Watkins & Brier ley 2002 . The nautical ) is a depth-integrated index of horizontal krill distribution and abundance (Simmonds & MacLennan 2005) . NASC values were integrated vertically, from 250 m depth to 10 m from the surface, and horizontally into 1 nmi increments associated at the midpoint with latitude and longitude. Echograms were visually examined using Echoview 4.9 (Myriax) to ensure no bottom or surface contamination affected integrated NASC values. This effort and the resulting NASC data set are similar to those obtained during NOAA Juvenile Rockfish Surveys in previous years (Santora et al. 2011a) . Krill distributions for the entire survey domain were compiled into discrete 25 km 2 grid cells (Santora et al. 2011a ). This cell size was chosen to minimize effects of spatial autocorrelation (Fortin 1999 , Dungan et al. 2002 . Average NASC by cell for the years 2000 to 2008 was cal c u lated in Arc Map™10 (ESRI).
Analysis
We first determined the spatial coherence between observed and modeled krill hotspots. To accomplish this we employed the Getis-Ord statistic (G i ; Getis & Ord 1992) to quantify and map hotspots based on acoustic krill observations (grid-averaged spatial means for May and June) and modeled concentrations of particle densities (clusters of particles per daily time step). G i is a statistical measurement (a Z-score) of local clustering (spatial intensity) relative to the background spatial mean and standard deviation (see Santora et al. 2010 for an application). A spatial neighborhood was set as 42 km alongshore and 15 km across-shore; these criteria were selected based on Moran's I tests of spatial autocorrelation in the acoustic data (Santora et al. 2011a ). Significant G i values that were spatially contiguous were grouped into hotspots. For modeled data, where multiple days of observations are available for each year, the number of days of significant and positive G i values was tallied for each model run, and the average number of significant days was computed from the 9 yr of model data.
Secondly, we quantified relationships between modeled krill hotspots and underlying habitat characteristics. Specifically, we sought to describe the relationships between modeled krill hotspots and hydrographic conditions of the northern (> 38°N, north of Pt. Reyes), central (between 38° and 36°N), and southern (< 36°N, south of Pt. Sur) regions, and by season, spring and summer. We used nonparametric generalized additive models (GAM) to quantify relationships between the daily intensity of modeled krill hotspots and corresponding hydrographic conditions focusing on temperature and currents obtained from ROMS (similar to Santora et al. 2012) . The fitted GAMs for modeled krill hotspots (dependent variable is G i intensity; Z-score was normally distributed) was specified with a Gaussian distribution and an identitylink function. GAMs were implemented using the 'mgcv' package in the R statistical program (R Development Core Team 2013); smoothness parameters (s) were estimated with generalized cross-validation (Wood 2006) . Adjusted R 2 and percent deviance explained were obtained to evaluate model performance. By default, the G i statistic for each identified modeled hotspot collectively represents a scaling of the intensity of particle clustering within each hotspot; some hotspots exhibit higher spatial intensity than others. The effect of each covariate included in the GAM was plotted to visually inspect the functional form (e.g. linear or non-linear smoothed fit) to permit description of threshold responses of modeled krill hotspots to changes in ocean conditions.
A priori, we knew that observed krill hotspots (May and June) exhibit a non-uniform spatial clustering pattern along the California coast (variation by latitude), with hotspots localized in the Gulf of the Farallones and generally downstream from strong up welling zones (Santora et al. 2011a ). Our first GAM therefore compared the average intensity of each modeled hotspot location (from both spring and summer runs and each DVM ensemble) to latitude to ascertain if this spatial pattern was reproduced by the particle tracking model; GAM 1 : G i~ s(latitude). Secondly, we compared the daily G i value of each hotspot to daily physical data from the ROMS model to analyze their influence on hotspot formation (i.e. clustering of 'krill particles'). SST and meridional (north/south) surface flow (Vcurrent) around the selected hotspot were analyzed for each set of model runs (spring and summer); GAM 2 :
RESULTS
Observed krill hotspots
Analysis of acoustic data with the Getis-Ord statistic (G i ) identified 3 areas of significant hotspots that ranged from 313 to 1113 km 2 in size with 5 peaks in G i values (Table 1, Fig. 3b) . Distance of peak G i to the coast ranged from 20.3 to 58.9 km. All observed hotspots were found offshore of the 200 m isobath. The hotspot off of Pt. Arena ( 
Modeled krill hotspots
Each ensemble of runs (e.g. all years: 2000 to 2008 for the start date February 15, and upper limit of DVM = 5 m) identified 5 to 10 hotspots, with a total of 44 hotspots found over the 6 sets of runs. When the upper limit of DVM was set at 5 m, the average distance of modeled hotspots was further offshore (37.6 ± 13.1 km, mean ± standard deviation) than when set at 20 m (20.0 ± 3.2 km) or 40 m (18.1 ± 6.9 km) (Figs. 4 & 5) . Modeled hotspots were consistently found along the San Mateo coastline and above Monterey Canyon for all sets of models run (spring or summer, and all upper limits of DVM; Table 1 ). The San Mateo hotspot (M1) was very consistent and was present 57% of the model run time with an average size of 925 km 2 . The Monterey Canyon hotspot (M2) was present 25% of the time with an average size of 660 km 2 . The intensity of these 2 hotspot locations and the intensity of all other identified hotspots in Fig. 5 were examined with respect to physical factors.
Environmental determinants of modeled hotspots
GAMs revealed the relationship between the spatial intensity of modeled krill hotspots and hydrographic variability (Table 2, Figs. 6 & 7) . A non-linear parabolic relationship was identified between average G i and latitude of modeled hotspots (GAM 1 ; Fig. 6 ), confirming clustering of hotspots between Pt. Reyes and Pt. Sur in the greater Gulf of the Farallones. GAM 2 revealed contrasting functional relationships between the spatial intensity of modeled hotspots and SST and V-currents within each region (Table 2 , Fig. 7) ; results were similar between spring and summer ( Fig. 7 shows only spring data) . Notably, the relationship between modeled hotspots and SST and V-current in the northern region was contrary to that in the southern region (Fig. 7) . In the northern re gion, relationships were generally linear with increa sing intensity of modeled hotspots associated with warmer SST (> 9°C) and weaker southerly currents (Fig. 7a,b) , both proxies of relaxed upwelling (or downwelling) conditions. In the central region, the relationship between modeled hotspot intensity and SST was complex and not clear (Fig. 7c) (Fig. 7d) . In the southern region, the relationship between modeled hotspot intensity and SST or V-current was negative, suggesting that hotspots were more likely to form during periods of upwelling (cooler SST and increased southerly flow; Fig. 7e ,f).
DISCUSSION
In this study, we modeled krill aggregations to test the hypothesis that krill hotspots are disassociated from regions of more intense upwelling and greater Ekman transport. Our model consistently formed hotspots that were similar in size, location, and intensity to acoustically observed krill hotspots , albeit with a small longitudinal offset. Our model runs aimed to simulate hotspots in different seasons (spring and summer) and based on different vertical migration schemes (upper limit of 5, 20, or 40 m). We found similar results during spring and summer model runs, but found that variation in the upper limit of DVM impacted the spatial distribution of our modeled prey fields. Modeled hotspots were consistently located further offshore when the upper limit of vertical migration was 5 versus 20 or 40 m, as surface currents in a coastal upwelling environment like the California Current are more likely to be moving offshore. These results agree with observations of the cross-shelf location of zooplankton populations Latitude (°N) (Papastephanou et al. 2006) . Prescribing a static depth to the upper limit of DVM is instructive in diagnosing the impact of a specific behavior, but is not a true representation of Euphausia pacifica vertical migration behavior. Field observations (acoustic and depth stratified net hauls) often show greater variability in the vertical distribution of the population at night (Endo & Yamano 2006) . As the objective of ascending during vertical migration is to feed in productive surface waters (Forward 1988) , variability in the depth of the surface food resources, searching behavior to find food sources, or sufficient food resources at depth can all impact the upper extent of vertical distribution. Considering this, the hotspot locations of any one ensemble of model runs (5 vs. 20 vs. 40 m) might not be indicative of hotspots of the entire population, but taken together they represent the spectrum of actual vertical migration behavior. We emphasize the importance of the model hotspots identified in Table 1 (Hotspots M1 and M2), as they were realized under all 3 vertical migration schemes.
Comparison of observed and modeled hotspots
The analysis of acoustic data (observations) with the Getis-Ord statistic identifies 3 locations that were significantly more clustered than the rest of the sampled area over the years 2000 to 2008. These findings are similar to previous results derived using kernel density smoothing procedures (Santora et al. 2011a) . The largest of these observed acoustic hotspots were between Pt. Reyes and Pt. Sur, one located off the San Mateo coastline (Hotspots A2 and A3) and one associated with Monterey Canyon (Hotspot A4). Our modeling efforts identified hotspots throughout the domain, but these same 2 locations were (1) significantly more 'hot' than other locations, and (2) were identified as hotspots regardless of the vertical migration scheme employed. In addition, they were found in similar locations and at fairly similar sizes as the observed hotspots from the acoustic data. The agreement between observed acoustic data and the model (under all 3 DVM scenarios) gives us confidence in the model results and highlights the importance of these locations.
These 2 identified hotspots agree with other nonacoustic field data that identify them as important foraging sites for krill predators. The area south of Pt. Reyes that encompasses Hotspots M1, A2, and A3 (Table 1) is a region of increased chlorophyll a (Vander Woude et al. 2006 , Suryan et al. 2012 . We did not model krill growth as part of our model runs, but the co-occurrence of phytoplankton, a primary food sour ce of E. pacifica (Ohman 1984) , and our E. pacifica individuals is not surprising in light of both organisms' planktonic nature. Increased phytoplankton abundance in these regions has the potential to further enhance krill hotspots via increased reproductive output or increase predator feeding efficiency through larger, more energetic, individual krill. This region is also a critical foraging habitat for juvenile salmon as they enter the ocean (Lindley et al. 2009 ) and for a multitude of seabirds that nest on the Farallon Islands , Mills et al. 2007 ). Monterey Canyon is a location that supports dense aggregations of krill (Marinovic et al. 2002 , Croll et al. 2005 , Santora et al. 2011a , and is also a well-known foraging location for seabirds (Yen et al. 2004 , Santora et al. 2011b ) and marine mammals (Yen et al. 2004 , Croll et al. 2005 . The aggregation of krill in these regions further enhances the feeding efficiency of top predators (Goldbogen et al. 2011 ) of the central California Current. Due to the importance of krill to the entire ecosystem and the stated goal of the Pacific Fisheries Management Council to manage resources with ecosystem considerations in mind, there is currently a prohibition on the harvest of krill in US waters of the California Current. Coastal waters out to the 1000 fathom (1829 m) depth contour have been designated as Essential Fish Habitat for the species and the specific locations of our hotspots were considered, but not designated, as Habitat Areas of Particular Concern (HAPC) (Southwest Fisheries Science Center 2008) . Should a fishery for krill ever be opened, these hotspot locations should be designated as HAPC where krill harvest would be prohibited.
Environmental determinants of modeled hotspots
Our modeled hotspots appear to show a distinct response to upwelling, generally becoming less intense, or disappearing entirely under intense upwelling conditions. We recognize that the physical variables we compare with hotspot formation, SST and alongshore currents, are not the actual physical processes responsible for generating hotspots, but are proxies for the ensemble of processes that produce hotspots (discussed below). These processes operate over time and space and their integrated effects influence when and where hotspots might form. This discrepancy may explain some of the differences we see in certain regions and why we only observe hotspot at intermediate levels of SST and current velocities.
Our model results show a distinct difference in the average intensity of modeled hotspots across the latitudinal gradient of our domain (Fig. 6 ). While we found hotspots throughout the domain, regions to the north of Pt. Reyes and the south of Pt. Sur contained fewer and less intense hotspots. Santora et al. (2011a) hypothesized that decreases in acoustic krill abundance were related to increased Ekman transport, and our results generally support this theory throughout the domain, most strongly to the north of Pt. Reyes on a stretch of coastline known for intense upwelling . GAM results show that 2 indicators of upwelling (cold SST and negative V-current) are negatively related to hotspot formation to the north of Pt. Reyes. These results support the optimal environmental window hypothesis (Cury & Roy 1989 , Botsford et al. 2003 , and indicate that high intensity upwelling, and the strong advective currents that characterize the nearshore environment, can disrupt hotspot formation along this stretch of coastline. The data further indicate that more intense upwelling conditions (V-current less than −0.4 m s GAM results show that hotspot formation to the south of Pt. Reyes and to the north of Pt. Sur (in the Gulf of the Farallones) occurs more often during upwelling-favorable conditions (colder temperatures and southerly alongshore flow). Both the acoustic and model data identified this stretch of coastline as having the most intense and persistent krill aggregations. Latitudinal variability in forcing and local bathymetric features may play a role in retaining krill in this region. In general, the intensity of upwellingfavorable winds in the Gulf of the Farallones is weaker than to north of Pt. Reyes (García-Reyes & Largier 2012). Our modeled oceanographic conditions agree, as the region is both warmer and meridional currents are weaker compared with data from north of Pt. Reyes. Thus the high intensity upwelling that inhibits hotspots to the north is not apparently an issue for krill in the central region. Coastal retention can be inhibited by more narrow continental shelves (Botsford et al. 2006 ) and thus retention may be enhanced in the Gulf of the Farallones region, relative to the north of Pt. Reyes, by the wider continental shelf which requires stronger and more persistent surface currents to advect particles off the shelf to oceanic waters. The krill aggregations over Monterey Canyon (Hotspots A4 and M2) may also persist due to the canyon bathymetry which enhances retention (Allen et al. 2001) . Finally, both of the major hotspots identified in the model are to the south of the Pt. Reyes headland. This headland directs the strong alongshore currents from the north offshore (Strub et al. 1991) and creates an 'upwelling shadow' to the south (Wing et al. 1998 , Largier 2004 , Vander Woude et al. 2006 . While the San Mateo hotspot (Hotspot M1) is slightly to the south of the area typically defined as the Pt. Reyes upwelling shadow, the upwelling shadow may exert some influence on local aggregations via protection from strong currents or as a source of particles supplying the downstream San Mateo hotspot.
To the south of Pt. Sur, the relationship between modeled hotspots and ocean conditions is not as clear as it is to the north. The GAM results concerning V-current are the least significant of all measured; indeed, alongshore currents do not appear to influence hotspot intensity in any meaningful manner. The significant relationship between hotspot intensity and cooler SSTs suggests that hotspots generally form during upwelling-favorable conditions. Yet, SST often remains warm during upwelling events in the region (García-Reyes & Largier 2012) due to greater stratification and upwelling of warmer water from above the pycnocline. It should also be noted that identified hotspots to the south of Pt. Sur are some of the least persistent identified by the models, present less than 15% of the modeled run time.
Model limitations
There are other physical and biological factors that could influence hotspot intensity that are not included in our model. These include reproductive dynamics, horizontal swimming behavior of E. pacifica, or spatial variability in predation pressures. Little is known about swimming behavior in E. pacifica other than vertical migration behavior and predatory escape responses. While krill are considered planktonic, their strong swimming ability puts them at the boundary of plankton/nekton and it is conceivable that they might incorporate horizontal swimming to maintain position or aggregate near small-scale food resources. Also, little is known about differences in spatial patterns of predation of krill in the California Current. While these biological factors certainly impact krill abundance and distribution, their impacts are beyond the scope of this modeling effort.
CONCLUSIONS
We reproduced acoustically observed krill hotspots using a coupled ROMS-IBM model, with only simple physical forcing and vertical migration behavior. This indicates the importance of transport in the formation of key biological aggregations of potential prey in the California Current. Collection and analysis of acoustic data provides us with a static view of hotspots during a given sampling period, whereas our model allows us to observe these hotspots under varying environmental conditions. This provides information on drivers of hotspot intensity, and suggests that hotspot formation is most likely under inter mediate/moderate levels of upwelling. We showed that hotspots are found throughout our domain, but are most intense (and persistent) along the San Mateo coastline in the Gulf of the Farallones and over Monterey Canyon. Modeled hotspots tended to be more ephemeral to the north of Pt. Reyes and to the south of Pt. Sur. Understanding how physical factors drive spatial dynamics is of importance due to the impact of prey clustering on feeding efficiency of predators in the California Current.
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